Patients with spinal cord injury (SCI) benefit from muscle training with functional electrical stimulation (FES). For safety reasons and to optimize training outcome, the fatigue state of the target muscle must be monitored. Detection of muscle fatigue from mel frequency cepstral coefficient (MFCC) feature of mechanomyographic (MMG) signal using support vector machine (SVM) classifier is a promising new approach. Five individuals with SCI performed FES cycling exercises for 30 min. MMG signals were recorded on the quadriceps muscle group (rectus femoris (RF), vastus lateralis (VL), vastus medialis (VM)) and categorized into non-fatigued and fatigued muscle contractions for the first and last 10 min of the cycling session. For each subject, a total of 1800 contraction-related MMG signals were used to train the SVM classifier and another 300 signals were used for testing. The average classification accuracy (4-fold) of non-fatigued and fatigued state was 90.7% using MFCC feature, 74.5% using root mean square (RMS), and 88.8% with combined MFCC and RMS features. Inter-subject prediction accuracy suggested training and testing data to be based on a particular subject or large collection of subjects to improve fatigue prediction capacity.
Introduction
Spinal cord injury (SCI) could lead to partial or complete paralysis of the upper and/or lower limbs depending on the level and severity of the injury. SCI causes complications including pressure sores [1] , muscle spasticity [2] , loss of muscle strength, cardiovascular disease [3] , and osteoporosis [4] . Functional electrical stimulation (FES)-evoked cycling can improve their health benefits including increased muscle strength, volume, insulin sensitivity, glucose metabolism, and endurance [5] . In all FES applications, however, fast muscle fatigue is apparent due to the inverse recruitment of motor unit [6] . It has also been reported that overloading the stimulated muscle might lead to muscle damage [7] . These drawbacks limit the FES functional capacity and should be overcome to optimize the training and functional benefit of FES. Hence, monitoring of muscle condition during the FES-evoked cycling is necessary when training the muscle for a longer period of time.
Physiologically, muscle fatigue is defined as the drop of muscle force during a continuous steady muscle contraction [8] . To this date, there are several methods to evaluate muscle fatigue including torque response [9] and joint angle measurement [10] . Surface electromyography (EMG) is another noninvasive method to evaluate FES-evoked muscle contraction and fatigue. However, this technique is not well adopted practically due to the interference from the electrical stimulus and from motion artifacts or the surrounding noise. Incorporating additional circuits can help to avoid amplifier saturation and blank stimulation artifacts. Nevertheless, the complexity of these circuits [11] may lead to challenging fatigue evaluation.
Mechanomyography (MMG), a technique that measures mechanical muscle response including muscle vibration, has been used to evaluate muscle activities [11] and muscle fatigue [12] in voluntary contractions [13] . Dynamic muscle contractions, including concentric and eccentric contractions, produce force [14, 15] . These contractions which were the result of the recruitment of motor unit (MU) following the MU firing rate can be monitored using MMG. Several studies have reported the correlation of MU recruitment and firing rate of the muscle fibers with MMG amplitude during motor nerve stimulation [16] [17] [18] . MMG parameters in time [19] , frequency [20] , and joint time-frequency (TF) [21] domains were analyzed during isometric FES-evoked contractions. However, MMG responses in time and/or frequency domains of dynamic evoked muscle force pattern were reported to be non-linear [22] given the inconsistent loading and nonstationary nature of muscle contraction during FES cycling [23] . This non-linearity may be due to several factors including changes in the muscle fiber length, number of active motor units, firing rates, and thickness of the tissue between muscles [23, 24] .
In order to analyze the non-stationary MMG signals, wavelet transform (WT), short-time Fourier transform (STFT), and Wigner-Ville transform as joint TF signal processing technique were proposed [17, 22, 25] . Wavelet transform has been used in several researches to describe non-stationary MMG signals produced during dynamic muscle contractions. Beck et al. [26] proposed a new wavelet analysis method where 11 non-linearly scaled wavelet filter banks were used to analyze MMG signals. The intensity of the MMG signals was proposed to be used in statistical pattern identification of the dynamic muscle contractions.
Furthermore, Ryan et al. [27] compared short-time Fourier transform (STFT) with continuous wavelet transform (CWT) for MMG signal analysis and showed that the two were similar in response. Xie et al. [28] proposed several features such as STFT, short wavelet transform (SWT), wavelet packet transform (WPT), and S-transform joined with singular value decomposition to classify different hand motion pattern including wrist flexion, extension, open, and grasp using MMG signals for prosthetic control which achieved 89.7% accuracy.
A work by Silva and colleagues [29] acquired MMG signals from a microphone-accelerometer sensor pair to classify two activities of prosthesis to control wrist extension and wrist flexion using RMS feature. The classification accuracy achieved from two subjects was around 70% based on their cross-validation tests. However, this work focused on RMS feature and did not consider any time-frequency domain features. Subsequently in another work, Saliva et al. [30] improved the accuracy of RMS-based MMG signal classification of muscle activity for opening and closing of the prosthesis by coupling the accelerometer-microphone sensor and MMG socket to eliminate interference of the recorded signal. The experiment was performed on two subjects and the improved accuracies attained were 88% and 71% for each subject respectively. However, the number of recruited subjects was relatively low for classification. Alves et al. [31] used a genetic algorithm for MMG signal feature extraction based on a linear discriminant analysis (LDA) classifier to find out the effect of accelerometer location of single-site forearm. It was reported that the placement of five accelerometers on single-site forearm achieved group accuracy nearly 73% for all three classes of muscle actions. However, the classifiers were vulnerable to the changes of forearm position and longitudinal and transverse displacements of the sensors.
While many researchers extracted features from MMG signals using genetic programming, genetic algorithms [21, 32] , statistical analysis [33, 34] , and wavelet transform [35] , to date, mel frequency cepstral coefficients (MFCC) feature have not been introduced to perform MMG signal analysis of dynamic muscle contraction. The most common and widely adopted MFCC feature was in automatic speech recognition application. In speech recognition, uttered speech is considered dynamic in nature due to its frequency changes with each speech signal. Similarly, during contraction, muscle generates low frequency (5-50 Hz) vibration [30] . Additionally, several researchers have reported that MMG frequency (mean power frequency, median frequency) signal pattern changes when muscle is artificially stimulated [36] [37] [38] [39] . One related work by Doulah and Fattah [40] proposed MFCC feature application to classify normal and neuromuscular diseased muscles using EMG. The researchers employed MFCC feature with motor unit action potential rather than direct MFCC feature of EMG signal by template matching decomposition method. The MFCC feature achieved a total classification accuracy of up to 92.50%.
We hypothesized that dynamic muscle force response of eccentric and concentric contraction (muscle length changes) during FES-evoked cycling can be extracted directly from the muscle surface using MMG-derived MFCC feature and evaluated with a support vector machine (SVM), and that the MMG signals can be classified as Bnon-fatigued^and Bfatigued.^The proposed MFCC classification accuracy was compared to RMS features. Accuracy of fatigue prediction among subjects using MFCC in comparison to the generally adopted RMS feature was analyzed.
Methods

Participants
Five individuals with SCI with American Spinal Injury Association Impairment Scale (ASIAIS) classification A and B, implying no voluntary motor control [41] , were recruited from the University of Malaya Medical Centre, Kuala Lumpur, Malaysia. Participants volunteered to participate in this study (Table 1) after giving their informed consent. This study was granted by the University of Malaya Research Ethics Committee (approval no: 1003.14 (1)). All participants understood the study protocol. The subjects' exclusion criteria were subjects with metal implanted in the stimulated limb, cognitive impairment or without tolerance to FES sensation, severe spasticity [2] which is related to muscle tone and stiffness [42] , and undesirable muscle responses from quadriceps muscle as determined by a certified physician. Participants were asked to abstain from any FES-related exercise at least 48 h before the testing [43] .
FES experimental protocol
All participants were seated in their manual wheelchair comfortably during the FES cycling session with their feet safely secured to the pedals using physiotherapy straps. Each participant underwent a 30-min FES cycling session on a FES cycle ergometer (MOTOmed Viva 2, RECK-Medizintechnik GmbH, Betzenweiler, Germany), interfaced with the RehaMove 2 FES system at a cycling speed of 40 rpm. The aim of this protocol was to induce peripheral muscle fatigue by means of continuously repetitive muscle contraction. A commercial electrical stimulator (Rehabstim2, HASOMED GmbH, Magdeburg, Germany) which produces biphasic rectangular current-controlled stimulation pulses was synchronized with the motor resisted cycling ergometer. The stimulation (maximum 120 mA, 30 Hz, biphasic, pulse width ± 400 μs) started every time the pedal reached a crank angle of 45°and ended at 135°. In a 40-rpm cycling speed, a total rotation of 360°takes 1.5 s (Fig. 1) . The duration of the stimulus pulse train was 0.4 s which contained a total of 12 stimulation pulses. However, as the muscle fatigues, the cycling speed might decrease, resulting in an increase of stimulus duration.
The stimulation parameters were set as follows: biphasic current amplitude adjusted up to 120 mA (peak) or the highest tolerable current of each participant; pulse frequency was fixed at 30 Hz and the biphasic pulse width was set at 400 μs + 400 μs (positive + negative phase). Initially, a 1-min warm up session [44] was initiated using the same stimulation parameters, the current set to produce weak muscle contractions. Electrical stimulation pulses were delivered to the quadriceps, hamstrings, and glutei muscles via selfadhesive electrodes (size 9 cm × 15 cm, RehaTrode, HASOMED, Germany). The first electrode was positioned between 6 and 8 cm near the patellar border and the second electrode was placed approximately 1/3 of the distance between the region of inguinal line and the superior patellar border and slightly lateral to the muscle center line to ensure stimulation coverage over the three muscle bellies of VL, RF, and VM [45] (Fig. 2) . VL, RF, and VM are the main superficial quadriceps muscles. Each muscle behavior is different [46] and can be detected using external sensors placed on the skin.
MMG signal acquisition
In our case, the sensors were attached to the skin with doublesided adhesive tape to over the belly of VL, RF, and VM muscles [47] . The three MMG sensors used were ASIAIS American Spinal Injury Association Impairment Scale, TAI time after injury, F female, M male, BMI body mass index, ASIAIS A sensory and motor complete impairment, ASIAIS B motor complete impairment .6 mm, thickness 12.5 mm, mass 10 g). Other researchers described their usage for muscle assessment in [19, 48, 49] . Sensor locations were marked with a permanent marker to ensure consistent placement. The effect of skin thickness and fat on MMG parameters was not considered in this study as it has been reported that no relationship was found between skinfold thickness and MMG RMS (voltage)-force correlation [50] and no strong correlation was reported between skinfold thickness as well as MMG median and peak frequency [51] .
Signal processing
MMG sensors were interfaced with a personal computer using the BACQKnowledge^data acquisition and analysis software package (BIOPAC Inc., Santa Barbara, CA, USA). The raw signals were sampled at 2 kHz and band pass filtered (fourthorder Butterworth) at 20-200 Hz in order to reduce additional noise that might have originated from motion artifacts. The signals were then processed using MATLAB (Version 2013, The Mathworks, Natick, MA) for segmentation and classification. They were segmented by each contraction automatically using peak detection algorithm whereby only the propulsion phase (0.25 s) of the contraction (minimum 0.4 s) was segmented. The MFCC and RMS features were then extracted from each contraction and used for training and testing the SVM.
MMG classification
MFCC feature
The first stage of MFCC feature extraction method was to apply STFT analysis [52, 53] with window frames of 25 ms to the signal that was considered as stationary [54] . The power spectrum was computed for every 25 ms frame with 10 ms forward shift throughout the 250 ms MMG signal. Typically, window lengths are in 20-40 ms range because of the consensus that at higher window length, the signal may not be stationary while shorter frame may not have enough information to extract significant signal feature [55, 56] . This was followed by the Mel-filterbank Eq. (1) [57] designed with 26 triangular filters uniformly spaced on the Mel scale between lower and upper frequency limits. The Mel scale is defined as a perceptual scale of frequency when measured to its original frequency.
To calculate filterbank energies (FBEs) (26 filters per frame), the filterbank was applied to the magnitude spectrum values. The 26 log filterbank energies consisted of compressed FBEs were then de-correlated using the discrete cosine transform (DCT) equation as given in Eq. (2) [58] . The Cn of the MFCC feature calculated from Eq. 2 was fed into Eq. 3 as the feature vector x, as expressed in Eq. 3. From the results, 13 out of the 26 DCT coefficients were discarded from our application based on common practice from the literature [57, 59, 60] . The reasons include the fact that fast changes in the filterbank can degrade recognition performance and computational cost [59] .
where N is the number of filter bank and m j is the log filter bank amplitude. The MFCC process flow is presented in Fig. 3 . The selected 13 out of the 26 DCT coefficients were used to train a SVM classifier. Figure 4 shows typical non-fatigued (a) and fatigued (b) MMG signals recorded from the three localized sensors of RF, VL, and VM. The fatigued signals in (b) have generally smaller amplitudes than (a) and the duration of contraction is longer in (b) compared to (a). This is because, fatigued muscle requires more time to complete a single contraction cycle. Significant differences in MMG signals among RF, VL, and VM can also be clearly observed from Fig. 4 . The MFCC generates only frequency coefficients from the time series of MMG signal (250 ms) as shown in Fig. 5 . Figure 6 shows the MMG recognition steps from the input MMG signal to training and recognition of MMG signal.
For each of the test subject, their corresponding MMG responses as described above were recorded for 30 min. Data of each subject's MMG signals captured from RF, VL, and VM muscles were separated into two groups. Out of all data, 75% of the total contraction signals were used as training data while the remaining 25% were used for testing. For the training data, the MMG signals were partitioned into two categories: non-fatigued muscle contractions and fatigued muscle contractions. Grouping of the two muscle conditions was based on the assumption that the first 10 min of the cycling session represents the responses of a non-fatigued muscle and the last 10 min, a fatigued muscle [47] . From the recorded data, 400 non-fatigued contraction samples and 400 fatigued contraction samples were extracted from each of the RF, VL, and VM MMG responses respectively, totaling 1200 samples for fatigue and non-fatigued each. Results were validated with k-fold cross-validation [61] method where out of each muscle's 400 contractions set, 300 contractions were used for training and 100 for testing. Therefore, a total of 900 nonfatigued and 900 fatigued contractions from the three sensors (RF, VL, VM) were used to train a SVM classifier and later tested with 300 contractions. Figure 7 illustrates the contraction training and testing methods from one sensor.
Support vector machine
In the application of biomedical signal classification, support vector machine is a widely used machine learning technique [62] . SVM consists of an optimal hyperplane with a margin that separates the two classes of data with maximum distance between them [63] . Therefore, the boundary partition between the two classes of information was maximized. Optimal placement of the hyperplane was dependent on the portion of the training data, referred to as support vectors, which lies near to the hyperplane. The optimal hyperplane is described in Eq. (3)
where w is the weight vector, x is the input vector from input space, and b is the bias. During the training phase, the data from class 1 were labeled as + 1 and data from class 2 were labeled as − 1 (Fig. 8) . can be written as
where y i is the tested vector of MMG signal, x i is the support vector ( Fig. 8 ) calculated from training data set, and α i is their weight and constant bias is b. K(x,y) is the kernel function which calculates dot product of two vectors x and y in highdimensional feature space. The radial basis function (RBF) kernels (Eq. 6) were considered due to its better performance than linear kernel.
where γ is the control parameter (kernel width) and ||.|| denotes the Euclidean norm. In Fig. 7 , SVM classification with a hyperplane that maximizes the separating margin between two classes is indicated by B◊^and BO^and support vectors are the elements of the training set that lies on the boundary hyperplane to the two classes [65] . However, in real case scenario, there could be more than one hyperplane. In our case, two classes of muscle contractions of nonfatigued (class 1) and fatigued (class 2) were considered for the training and testing subgroups.
Muscle fatigue prediction among subjects
During electrical stimulation throughout the FES cycling exercise among the SCI individuals, their muscle fatigue responses may be similar yet distinct in different individuals to a certain extent. This may suggest different individual training and performance accuracy in comparison to training and prediction algorithm using cumulative subject data. Therefore, inter-subject prediction accuracy was generated to determine the accuracy when one subject's trained model was tested with the other subjects' nonfatigue and fatigue contraction signals.
Furthermore, results were validated using 4-fold crossvalidation methods where all the data were used for training and testing the classifier. The prediction accuracy was calculated in three different models which used MFCC feature only, RMS only, and the combined MFCC and RMS features. Individual muscle prediction accuracy performance was also analyzed.
Results
Over 30 min of cycling period, the cycling speed (measured with the built in speed monitor) was used as an indicator of fatigue, i.e., when the speed drops significantly in comparison to the initial speed. From the experiment, the subjects' average cycling speed usually decreased throughout the 30 min of training. Duration of an example contraction was 1.43 s from the first 10 min and 1.82 s from last 10 min (Fig. 4) . 
MFCC and RMS features predicted contractions and accuracy
The predicted and expected results of all participants' muscle contractions using MFCC feature (Table 2 ) and RMS feature (Table 3 ) are presented as a confusion matrix [66] for the fourth fold of repetition. Hence, confusion matrix shows the expected and recognized number of contractions diagonally. Overall, the average prediction accuracy using the MFCC and RMS feature is 92.2% and 75.9% respectively.
Based on the results in Table 2 , subject numbers 1, 2, and 4 obtained more than 95% accuracy based on MFCC feature. Highest accuracy was of subject 2 with a maximum number of 298 contractions for fatigued and 295 contractions as nonfatigue were predicted correctly. The same level of accuracy was achieved for subject 1 and 4 at 96.3%. Subject 1 had the least prediction error of fresh contractions with two contractions identified as fatigued contraction compared to the other subjects. The lowest accuracy of contractions was for subject 5 at an accuracy of 84%. Table 3 , on the other hand, presents the prediction accuracy based on the RMS feature of the MMG signals. Similar to MFCC feature, subject 2 had the highest accuracy with all non-fatigue contractions were predicted correctly but a total of 14 fatigue contractions failed to be predicted. The accuracy obtained for subject 3 was less than 60% and for subject 4 was less than 50%. The lowest number of non-fatigue contraction was predicted for subject 4 which was only 163 contractions over the expected 300 non-fatigue contractions.
Muscle fatigue prediction accuracy among subjects
An inter-subject prediction is when one subject training data was used to create a model and then tested with another subject's data which is expected to be non-fatigue or fatigue. The inter-subject prediction accuracy of muscle fatigue using MFCC feature is presented in Table 4 while prediction accuracy based on RMS feature is shown in Table 5 .
Inter-subject correlation was assumed if high prediction accuracy was achieved when test data of one subject was fed into training data of the other's training data, and vice versa. This was demonstrated in Table 4 whereby when test data of subject 2 was fed into subject 1 trained data it achieved highest accuracy of 78% and 71% vice versa, using the MFCC features. This was again demonstrated in Table 5 when both subjects 1 and 2 displayed high accuracy based on each other's training and testing data using RMS feature.
Cross-validation of the combined results of three sensors (RF, VL, and VM)
For results' validation, all the non-fatigue and fatigue contraction samples were used for training and testing. Four-fold [64] cross-validation used a total of 1200 contractions (three sensors) of which 75% used for training and 25% for testing (Tables 6 and 7) .
Results showed that with all four repetitions in overall, the MFCC feature shows better performance than RMS. However, the mean accuracy of four repetitions for subjects 1 and 2 was higher (93.9% and 98.9%) in RMS compared to MFCC (90.8% and 93%). The RMS of subjects 3 and 4 depicts the lowest performance compared to MFCC. However, effect of repetitions standard deviation for MFCC feature was below 10%. On the other hand, standard deviation of RMS feature reached 13.2% for subject 4 and for subject 5 it reached 19.8%. Table 8 demonstrates that the combined MFCC and RMS features reached a maximum mean accuracy of up to 93% while lowest was 83% and the standard deviation reached maximum of about 12%. Results also show that the first and second repetitions have higher accuracy compared to the third and fourth repetitions.
Discussion
Classification of non-fatigued and fatigued muscle contractions using MFCC feature was hypothesized to have a higher prediction ability among subjects in comparison to the generally adopted RMS feature. Hence, the overall performance of MFCC might be higher because the MFCC feature incorporates inherent calculations of frequency components and power spectrum of MMG signals in time and frequency domain.
However, the average inter-subject correlation prediction accuracy of MFCCs was around 50% which was a very low performance in classification measurement. Interestingly, the overall inter-subject accuracy based on the RMS feature resulted in better performance compared to MFCC feature. However, in both MFCC and RMS features, there was insufficient prediction consistency observed among subjects.
Results revealed that FES muscle fatigue classification of dynamic FES cycling using MFCC feature projected better accuracy than the RMS feature. The number of correctly identified contractions as non-fatigued and fatigued was higher in MFCC when compared to RMS. Some non-fatigued muscle contractions overlapped with other fatigued contractions using both MFCC and RMS feature. This might be due to the inaccurate assumption that the muscles were not fatigued in the first 10 min, when the muscles might actually be undergoing early muscle fatigue within the first 10 min of cycling. This is backed by the research findings that suggested that electrical muscle activation is responsible for faster muscle fatigue in comparison to voluntary contractions [67] . This is also related Mean ± SD 96.0 ± 2.6 92.4 ± 6.3 82.2 ± 5.6 92.1 ± 6.8 to the inability to modulate firing frequency or recruitment pattern of motor units [68] and the Binverse recruitment.M oreover, the captured muscle responses might contain motion artifacts [69] since subjects who are in the sitting position on the wheelchair were not completely fixed and their limbs were moving during cycling. Furthermore, different muscle properties of RF, VL, and VM and variations in the placement of MMG sensors may have also affected the signals. Table 9 shows each of the three individual VM, VL, and RF muscle performance accuracy of MFCC and RMS feature. The mean accuracy of MFCC feature is higher than RMS feature in RF, VL, and VM muscles. When compared to MFCC on subjects 1 and 5, RMS feature shows higher accuracy in the three muscle groups. The standard deviation accuracy of three muscles in each subject was higher in MFCC, yet the overall mean accuracy of RMS was lower than MFCC. It is interesting to highlight that inter-individual and intra-individual sensor for each patient has different accuracy to detect muscle fatigue due to the geometry of the each muscle structure [70] . Using the MFCC feature, it could be suggested that one sensor on RF muscle can quantify the whole quadriceps muscle assessment.
There have been several studies that documented the change in MMG mean power frequency [18, 36, 39] and median frequency [38] over the stimulation time due to the inverse recruitment of motor units. These were the basis of which MFCC feature can retrieve frequency components from the muscle contractions.
In many research works, muscle contraction classification and prosthetic control based on MMG signals have been investigated using different feature extraction methods, such as the RMS, wavelet transform, SWT, and STFT, and genetic algorithms [21, 28, 30, 31] .
Two types of muscle contractions for wrist extension and flexion were investigated by Saliva et al. which used RMS feature while Xie et al. studied the STFT, SWT, WPT, and S-transform features to classify hand motion pattern [28, 30] . However, in their work, the classification accuracy achieved was below 90%. Alves et al. [31] reported classification accuracy of three class movement of MMG signal wrist flexion, wrist extension, and semi-pronation of single-site forearm based on sensor placement was about 73%. Authors conveyed the degradation of accuracy might be influenced by several factors including sensor placement, classifier complexity, training method, signal feature, and muscle architecture. Another recent research [21] has implemented wavelet transform and modified pseudo-wavelet by using SVM classifier to investigate non-fatigue and fatigue contractions and achieved approximately 80.63% accuracy, though during the experiment very small number of trials (73 trials) were used for training compared to this study. Madeleine et al. [71] suggested that linear and nonlinear analyses of MMG signal of wrist extensor could be assessed using average rectified values (ARV) of the MMG output or RMS linear feature with variations in sensor load, location, contractions type, and time. Their results show that higher ARV value was observed in load variations compared to variations in location and contraction type, while variance ration in percentage of recurrence and percentage of determinism is 22.8% and 0.1% respectively. Variations in location revealed that ARV was lowest with 31.2 ms −2 and, 9.9% recurrence and 43.6% determinism, while varying the time revealed ARV of 89.4 ms −2 , with 27% recurrence and 6.6% determinism. However, this research focused on ARV or RMS features only. Sarlabous et al. [72] used the dog model to quantify stochastic nature of MMG signals to estimate muscle force using ARV or RMS parameters based on the Lempel-Ziv algorithm. Both studies emphasized that non-linear analyses are found promising when analyzing muscle fatigue or muscle force. In this study, RMS and MFCC features of the MMG signal were classified using SVM classifier with the RBF kernel to map the data in higher dimensions for non-linear MMG data separation. The MFCC feature is a representation of the short-term power spectrum of a signal, based on a linear cosine transform of a logarithmic power spectrum on a non-linear Mel scale of frequency. Therefore, non-linear MMG signal feature during cycling was deemed to be more suitable for MFCC than classical STFT in dynamic muscle contraction classification. Moreover, the computational costs of short wavelet transform or wavelet packet transform are higher than MFCC which plays important role in real-time applications.
The total accuracy for MFCC feature of MMG signal achieved of up to 96% accuracy for non-fatigue and fatigue classification for the first fold repetition and average accuracy of 4-fold was 90.7%. Combined MFCC and RMS features with an average accuracy of 88.8% did not show any significant improvement of accuracy. Studies on FES and fatigue related exercise can benefit from our findings by implementing MFCC feature extraction of the MMG signal.
For fatigue detection correlation among subjects, the results illustrate good correlation between subjects 1 and 2 in both MFCC and RMS. However, generally, higher accuracy was found in RMS feature adoption. The relationship between these two subjects could be a similarity in muscular behavior during stimulation [73] . These results may suggest the possibility of using an identified similarly performing muscle, as in subjects 1 and 2, to pool into the other subjects' data to improve its fatigue prediction learning and ability, or to use one subject's trained algorithm to predict another's. RMS feature showed better correlated accuracy among the subjects but the results were not consistently high in all subjects. Therefore, more investigation of muscle responses is required during stimulation to find out the correlation among subjects.
A new method of MFCC feature extraction for MMG signal classification during FES cycling has been successfully implemented using SVM classifier. The outcomes of this study however were limited by the number of trials within each subject due to challenges in multiple subject recruitment and sessions. Thus, increasing the repetition of trials in the long run would positively influence the accuracy of the results [31] . However, the effect of different window length of MMG signal on accuracy could be an interesting topic for future researcher.
Conclusions
This study is the first one to demonstrate the adoption of MFCC feature, which had been primarily applied in the BAutomatic Speech Recognition^domain, for MMG classification of fatigued and non-fatigued contractions throughout dynamic FES cycling. MFCC feature showed better accuracy, up to 90.7% in comparison to RMS feature with an accuracy of 74.5%. Thus, the proposed features can be used in muscle fatigue prediction in such dynamic and cyclical evoked muscle contraction as long as the system is trained with data from the monitored subject. Inter-subject prediction accuracy is inconsistent and has low accuracy, indicating the need to have a larger pool of training data. Further investigations will help to better understand the nature of the MMG signals and influencing factors such as physiological properties and physical milieu. The method introduced in this study could be implemented in FES systems to monitor the state of muscle fatigue to increase patient safety and to optimize patient training by adapting the FES parameters during electrically evoked contractions in individuals with motor complete SCI.
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